We present a statistical method for the photometric search of rare astronomical sources based on the weighted k-NN method. A metric is defined in a multi-dimensional color-magnitude space based only on the photometric properties of template sources and the photometric uncertainties of both templates and data, without the need to define ad-hoc color and magnitude cuts which could bias the search. The metric is defined as a function of two parameters, the number of neighbors k and a threshold distance D th that can be optimized for maximum selection efficiency and completeness.
Introduction
One of the most common problems in astrophysics is the classification of astronomical sources based on their colors and magnitudes in a given photometric system. When high spectral resolution data (or a large number of photometric bands covering the source SED) are available, this classification, and the extraction of the physical parameters of the source, is generally achieved by fitting the observations with an appropriate physical model. In many instances, however, either a reliable model is not available, or the number of photometric bands is not sufficient to provide a robust source classification. When data fitting is not possible, a common fallback solution is to infer the nature of the sources to be classified by their proximity to "regions" in meaningful color-color and color-magnitude diagrams, where the sources of a certain class are expected to be found.
These regions are in turn defined on the basis of generic physical considerations (e.g. stars burning H in their cores are located on the region of the Herzsprung-Russell diagram we call Main Sequence) or by association with other sources of the same class. A typical example of this approach in the early years of infrared space astronomy were the IRAS color-color diagrams (van der Veen & Habing 1988) aimed to automatically classify the 2.4 · 10 5 sources found by the InfraRed Astronomical Satellite in its bands at 12, 25, 60 and 100 µm. The diagrams were created by deriving the IRAS colors of ∼ 5, 400 sources whose nature could be inferred by the properties of their IRAS Low Resolution Spectra (LRS 1986) . The resulting diagrams were a grid of polygonal regions where sources with specific properties (stars, circumstellar envelopes with varying degrees of optical thickness, planetary nebulae and other infrared sources) were expected to be found. As is common in these cases, the boundaries between the regions were defined arbitrarily by using a convenient geometrical pattern bisecting known "template" sources used for building the diagrams. Most importantly, these regions did not have an associated statistical meaning, e.g. it was not possible to quantify how complete and effective was the source classification provided by these regions.
Other branches of science, however, have developed statistically valid techniques to attack this kind of unstructured classification problems, where detailed knowledge of a model is not required, or not available. The k-Nearest Neighbors (k-NN) method (Fix & Hodges 1951) , in particular, has been succesfully used as an efficient "black box" predictor for problems of pattern recognition and unsupervised machine learning, in fields ranging from computerized handwriting recognition (Simard et al. 1993 ) to automatic classification of satellite imagery (Michie, Spiegelhalter & Taylor 1994) , to medical imaging and diagnostics.
In astronomy, k-Nearest Neighbors methods have been traditionally used to study clustering in the spatial distribution of astronomical sources (see e.g. Bahcall & Soneira 1981) , by analyzing the statistical distribution of the distances, on the plane of the sky or in the 3-dimensional space, between each source and its nearest neighbors. Alternatively, the method has been the base of regression techniques for parameter fitting (e.g. photometric redshifts, see Ball et al. 2007) . In this paper, we will instead apply the k-NN method in its role of nonparametric classifier, where the class of a new set of data is decided based on its distance from a class of "templates", and where the distance is defined in a multi-dimensional color and magnitude space. Our implementation of the method is specifically tuned to the search of rare sources hidden in a large catalog.
To illustrate the effectiveness of the method, we apply our technique to the search of brown dwarfs with the InfraRed Array Camera (IRAC, Fazio et al. 2004 ) onboard the Spitzer Space Telescope (Werner et al. 2004) . As shown by Patten et al. (2006) , brown dwarfs have unique colors in the near-IR and IRAC 3.6, 4.5, 5.8 and 8.0 µm bands, due to the presence of prominent molecular features such as CH 4 , H 2 O, NH 3 and CO (Oppenheimer et al. 1998; Cushing et al. 2005; Roelling et al. 2004) in the wavelength range covered by the camera (see Figure 1) . These colors provide a powerful discriminant to identify brown dwarfs within the large photometric catalogs that have been produced during the Spitzer cryogenic mission. The k-NN method is particularly suited for this search, because of its high efficiency in finding "needles in the haystack" such as brown dwarfs, among the galactic general population and the extragalactic background.
The method is first applied using data from the Spitzer Extragalactic First Look Survey (XFLS, Lacy et al. 2005 ) and the Spitzer Shallow Survey (Eisenhardt et al. 2004) , which are combined with ground based optical and near-IR surveys for further refinement of the candidate sample. The parameter space of the possible color combinations and k-NN parameters is explored in order to provide and quantify the best possible search completeness and efficiency. Searches using only the two IRAC bands at 3.6 and 4.5 µm are also investigated, to assess the possibility of brown dwarf detection using only the two channels that will be available during the post-cryogenic Spitzer warm mission.
Section 2 of the paper describes our implementation of the k-NN method, which is then applied in Section 3 to search for field brown dwarfs in the XFLS and Shallow surveys. In Section 4 the k-NN method is used to estimate the efficiency and completeness of IRAC photometric searches of brown dwarf companions around nearby stars. In Section 5 we summarize the results of these searches, and discuss other possible applications of the method.
The k-NN Method
In a typical application of the k-NN method, as described by Hechenbichler & Schliep (2004) , the class of a test element is selected by a majority vote of its k nearest templates (where k is optimized to the specific problem at hand). Template objects for each class, (i.e the training sample) are distributed in the multi-dimensional space defined by the variables used in the analysis. The class of the test element is determined by the prevalent class of the k templates that, according to a given metric, are closer to the test element. Note that in this case the choice of the metric is only important for the selection of the k nearest templates, after which the decision is determined by the rule adopted to weight the "votes" of these k nearest templates.
The situation is however different in the classical astronomical setting, where sources of one specific class are searched among a larger set belonging to many other classes, which are generally not specified. In this case, a majority vote is not possible and a different approach is required. In order to address this challenge, we have developed a novel implementation of the k-NN method tuned for the search of rare sources in astronomical photometric catalogs. Our application requires templates only for the "search class", relying on the assumption that the templates are an accurate representation of the class, and that the selection variables (colors and magnitudes) chosen in the analysis are sufficient to provide an effective discrimination. The only quantitative criterion available for the selection, and used to determine its statistical validity, will be the final k-NN distance of each source in the input catalog, according to the chosen method. As an example, in section 3 we show the application of our method to the search of brown dwarfs (the signal) in a catalog where most of the other sources are galaxies or regular stars in different evolutionary stages (the background).
The k-NN Metric
In any k-NN application the choice of the metric is arbitrary, and is ultimately determined only on the basis of its ability to effectively separate the signal from the background. If the analysis involves N separate variables (in this case colors or absolute magnitudes), a common choice is the euclidean distance in the N th-dimensional space, with the individual distances in each variable averaged (or summed) on the number of dimensions:
where d(i, j) is the distance between the source i and the template j with respect to the variable l. The effect of averaging over the dimensionality N is illustrated in Figure 2 : the average increases the size of the ellipse enclosing test sources within a given distance from each template. If a source has a unitary distance from a template along each variable, the distance will be larger than one in the case of a pure euclidean metric, but still equal to one in the case of averaged euclidean metric. The latter is preferrable for multi-dimensional spaces where is not desirable to have a metric that tends to become larger as the dimensionality N increases: in other words, it is a good choice to have a distance close to unity if the individual components of such distance in each variable are all around unity. For this reason we have adopted the averaged euclidean distance in this implementation of the k-NN method. Furtermore, another advantage of averaging is that it allows to weight differently the individual components of the metric, in case some of the variables (colors or magnitudes) have a stronger discriminatory property for the problem at hand. However, in the applications presented here we assume for simplicity that all the variables are equally important, and no weighting is necessary.
To ensure that the distances along each variable play an equal role in the final metric, a normalization is required. The metric should take into account, for example, if one color or magnitude has larger uncertainty than the others. Thus we divide each distance by its associated total uncertainty:
where σ i and σ j are the statistical uncertainties of the data and templates respectively (e.g. their 3σ photometric error) in the variable l, and where σ s is a measure of the non-Gaussian systematic errors of the template j (explained below), also in the variable l.
The final k-NN distance of a source i is then the (weighted) average of the distances to the nearest k templates (the optimal number of neighbors k is determined with the techniques described in Section 2.2):
The weights w(i, j) are introduced to reduce the influence of isolated templates that happen to be much farther away than the other nearest neighbors. A Gaussian kernel is very effective for this task:
Note that the Gaussian kernel is parametrized with the geometric average (on all variables l) of the same normalization factor σ(i, j) adopted for the individual distances. This is again necessary to scale the range of the kernel proportionally to the accuracy of the individual templates. The extra factor k plays the role of reducing the effectiveness of the kernel as the number of neighbors increases, which is the intended goal of using a large value for k.
The effect of this normalization on the k-NN distance is shown in Figure 3 . The contours traced around the template sources enclose the areas within a given k-NN distance from the training sample. The meaning of this region becomes obvious in the case of k = 1 (solid line). Thanks to the normalization with the total uncertainty σ(i, j), the region with a radius D kN N = 1 is nothing else than the union of the error ellipses around the templates. A test source within the region will have a separation from the template class which is less than the uncertainty in the data and the templates, and will thus likely be a member of the template class. A source with D kN N 1 will instead have a greater probability of not being a member, and should be rejected. Note that for k = 1 the border of the region closely follows the location of the templates, deviating from a smooth line because of the scatter in the distribution of the training sample. A larger value of k, on the other end, will average on the position of the individual templates, thus producing a smoother contour, albeit at the risk of excluding isolated templates from the region. The best value of k will be a compromise between these two different tendencies, and needs to be determined case by case, with the parameter optimization techniques explained in the following section.
The solid line in Figure 3 was derived without adding the non-Gaussian systematic error σ s in the templates. As a result, for any given k-NN distance, the size of the region is determined only by the statistical errors in data and templates. A direct consequence of this, however, is that templates that are separated by a distance larger than their statistical error will produce separated regions. This is not desiderable, as in most astronomical applications the location of the templates is only partially in control of the astronomer. Due to low statistics it depends on the chance location, in the color-color and color-magnitude space, of the template sources that have been possible to observe. This is particularly true for the search of rare sources, where only a small number of templates is generally available. The sparseness of the templates in this case may lead to a serious problem, as regions of the color-magnitude space where sources of the template class may exist could be excluded only because no templates have been observed there at the time the training sample was assembled. To correct this issue we introduce in our k-NN metric the sparseness factor σ s , which is a measure of how far apart the templates are with respect to each variable l:
where σ s (j) is defined as the average distance of the template j from the remaining k nearest templates. The dotted line (for k = 1) in Figure 3 shows how the introduction of the sparseness factor σ s , acknowledging the inadequacy of the template distribution in a region of the parameter space, is able to reconnect the region despite the lack of templates between the two sets that are separated in the solid line region. Particular caution, however, should be taken while introducing the σ s (j) defined as in equation 5 in cases where a gap in the templates distribution is actually expected in the data (e.g. the gap in the Horizontal Branch for He burning giants in the HerzsprungRussell diagram). In such cases, the presence of the gap can only be noticed, and is statistically significant, when it is sampled by a large number of templates on both sides of the gap. If k is chosen to be much smaller than the number of templates in the gap region, the gap will still be preserved as no template across the gap will be among the k nearest neighbors in equation 5, and the sparseness factor will be smaller than the width of the gap.
Application of the Method
The k-NN metric we have defined in Eq. 3 is ideally suited for selecting rare astronomical sources based on their spectral properties from a large photometric catalog.
The first step in applying the method is the identification of the variables to use. These variables can be any combination of colors or magnitudes. Unless the number of available bands is so small that all the possible combinations can be tested, the best course of action is to choose the variables that, based on astrophysical considerations, provide the best discrimination (e.g. colors sensitive to peculiar spectral features). Caution must be used to avoid choosing too many variables: even though one would naively assume that more variables would produce a better selection, this is not always the case and can lead to the so-called "curse of dimensionality" (see e.g. Hastie et al. 2003) . Also variables that do not carry a significant discriminating role should be avoided, because they would dilute the effectiveness of the metric by averaging out more effective variables. Having multiple variables sensitive to the same physical property can also be counterproductive, as it biases the metric towards this one physical characteristic, at the expense of other equally or more important discriminants. A solution to this issue is to either to avoid adding variables not contributing any original discriminant, or to reduce their influence by fine-tuning the k-NN metric with appropriate weights.
Once the variables are chosen, the D kN N distance of each source in the catalog can be determined. The selection is done by comparing D kN N with a threshold value D th above which the sources are rejected. For maximum effectiveness the number of neighbors k and the threshold distance D th have to be optimized for the problem at hand. The goal of this optimization is to select the smallest possible number of candidates to follow-up, while preserving the completeness of the search. In this context, we define the completeness C as the fraction of the objects that are found, with respect to their expected number. In addition, we define the rejection efficiency E as the fraction of the background objects that are successfully rejected. An ideal search will have 100% completeness (all sources are found) and 100% rejection efficiency (all the returned candidates are genuine). In practice both fractions will be lower than 1, and the search parameters should be optimized to provide maximum possible rejection efficiency and completeness. This optimization can be done using either the jackknife or the bootstrap methods (Hastie et al. 2003) . Both methods attempt to estimate the statistical distribution of C(k, D th ) and E(k, D th ) to determine the best values of k and D th .
The jackknife method tests the minimum distance for which the templates are an homogeneous and contiguous set. Given a certain k, one measures the k-NN distance of each template from the remaining n − 1 (leave-one-out method). Once this is done for all templates, the completeness is derived as the fraction of templates that are within any given threshold distance D th . While this method is relatively straightforward, it may be very inaccurate for the search of rare sources, since the number of available templates is often small and does not cover uniformly the color and magnitude distribution of the target objects. Thus we adopt the bootstrap method.
With the bootstrap method we evaluate the completeness by creating an artificial sample with the characteristics of the templates. This artificial sample is then tested with the k-NN method to estimate how many of these simulated sources are found within a distance D th . The test sample is generated by varying the template colors and magnitudes, adding a random offset using the statistical and systematic errors in the templates. The statistical errors are introduced by adding a Gaussian error equal to the statistical uncertainty of the templates (σ j in equation 2). The systematic errors are instead simulated by adding a random uniform component equal to the amplitude of the template sparseness factor σ s defined in equation 5. With this method it is possible to create an arbitrary number of simulated signal and background samples of any size, enabling the study of the statistical distribution of C(k, D th ) even when only a small number of templates is available.
The rejection efficiency E is similarly evaluated with the bootstrap method. If a "pure" background sample can be extracted from the catalog, then it is just a matter of counting the fraction of catalog sources that are rejected with any combination of k and D th . In most cases a pure background sample is however not available but, if the objects in the search class are rare, any small sub-sample of the full catalog can be assumed to have a very small contamination of template-class sources. These sub-samples can be randomized introducing Gaussian noise equal to the data uncertainty σ i defined in equation 2. Sub-samples that by chance have a larger level of contamination will appear as outliers, and can be removed from the final distribution of E(k, D th ).
Once the distribution of C and E is known, the characteristics of the selection problem determine the value of k and D th to choose. If the search needs to be very selective because a large number of follow-up observations is not affordable, then the completeness can be sacrificed (generally by using a small value of D th ) in favor of high E. On the contrary, when completeness is paramount, a larger threshold distance can be adopted even though it will result in a large number of candidates. As an intermediate solution we adopt the value of D th and k for which E(k, D th ) = C(k, D th ) is the highest.
After the k-NN metric is applied with the optimized parameters, all sources within the threshold distance D th should be considered as candidates. These candidate sources can be followed-up by applying further selection criteria (e.g. applying color cuts that could not be included in the k-NN metric, or by executing new targeted observations). If the selected sample is still too big for a follow-up program, it can be helpful to run the k-NN method a second time on the first-run selection, using a different set of variables. This is particularly effective if there is a concern that some variables have yielded a lower selection efficiency than expected, due to having been averaged out in the metric by other variables. In this case it may be just more efficient to re-apply the k-NN method using only these variables, starting from the sources selected in the first run, rather than trying to improve the efficiency of the first k-NN run by fine tuning the weights between the variables.
Searching Brown Dwarfs in Spitzer Wide Field Surveys
As an application of the method, we present the search of brown dwarfs in Spitzer surveys. Brown dwarfs represent the link between main sequence stars, fully supported by H burning in their cores, and planets. Given our poor understanding of the lower end in the stellar mass distribution, an accurate census of the galactic population of brown dwarfs is of paramount importance to constrain models of star formation and galactic evolution, and to provide an accurate measurement of the stellar mass in the Galaxy.
Due to their low luminosity and red colors, brown dwarfs are difficult to find. The first unambiguous identification of a brown dwarf, Gliese 229B (Oppenheimer et al. 1995) , came only 20 years after the class was introduced by Jill Tarter in her Ph.D. thesis. In recent years, however, the availability of deep wide area surveys such as the Two Micron All Sky Survey (2MASS, Skrutskie et al. 2006) , the Deep Near Infrared Survey of the Southern Sky (DENIS, Epchtein et al. 1999) , the Sloan Digital Sky Survey (SDSS, York et al. 2000) and the UKIRT (UK Infrared Telescope) Infrared Deep Sky Survey (UKIDSS, Lawrence et al. 2007) allowed to identify an increasing number of brown dwarfs in the solar neighborhood (see e.g. Kirkpatrick et al. 2000; Burgasser et al. 2002; Leggett et al. 2002; Geballe et al. 2002; Burgasser 2004; Knapp et al. 2004; Tinney et al. 2005; Chiu et al. 2006; Cruz et al. 2007; Looper et al. 2007; Pinfield et al. 2008) . However, the total number of brown dwarfs known to date (∼ 556 of the red, dusty L dwarfs, and ∼ 148 of the cooler, methane rich T dwarfs, according to the DwarfArchives.org database) is still too small to provide a reliable characterization of the substellar mass function.
The sensitivity of the IRAC instrument onboard Spitzer , and the characteristics of its photometric system, raised expectations for a large increase in the number of brown dwarfs (especially the cooler T dwarfs) detected using wide area Spitzer surveys. These expectations, however, have not yet materialized. Only three T dwarfs have been discovered by Spitzer : a T4.5 field dwarf in the Extragalactic Spitzer Shallow Survey (Stern et al. 2007) , and two T dwarf companions around the nearby young stars HN Peg and HD 3651 (Luhman et al. 2007 ). This state of affairs arises from the complexity of discriminating brown dwarf candidates from the large number of extragalactic red sources that are within the detection limits of IRAC observations. The success of photometric searches ultimately depends on the efficiency of the selection method required to extract from these large catalogs a manageable sample of sources for spectroscopic follow-up. This selection is usually done by applying cuts in the color and magnitude space (see e.g. Cruz et al. 2003 and Burgasser et al. 2003 and references therein). Stern et al. (2007) , in particular, used a single IRAC color cut, [3.6] − [4.5] ≥ 0.4, to select T dwarfs with deep CH 4 absorption in the 3.6 µm IRAC band, complemented by criteria based on the photometry and the morphology of the sources in optical bands. These criteria are not able to discriminate between brown dwarfs and high redshit quasars, and are limited to the detection of dwarfs of spectral type T3 to T6. The k-NN method proposed here has been designed to analyze datasets in a multidimensional color and magnitude space, based only on the distribution of templates without the need to define a-priori cuts. Thus it is in principle capable to go beyond these limitations, opening the search to L and early-T dwarfs and T dwarfs of type later than T6, without introducing the biases associated with the choice of the cuts, and provide a more efficient and complete search. This will be especially important during the Spitzer Warm Mission planned from the spring of 2009 when, upon exhaustion of the cryogenic LHe, the observatory will be tasked to conduct large area surveys using only the IRAC bands at 3.6 and 4.5 µm (Storrie-Lombardi & Silbermann 2007).
In this section we study how to improve on the selection efficiency of Spitzer /IRAC search of brown dwarfs using the k-NN method. We explore the k-NN parameter space to understand the best strategy for these searches, and what are the requirements, in terms of auxiliary data, for their success. We also develop techniques that allow to assess the completeness of the result, necessary to draw statistically valid conclusions from these searches.
Sample Selection
As test datasets to illustrate our k-NN search for brown dwarfs, we use two publicly available Spitzer /IRAC wide field surveys: the XFLS (Lacy et al. 2005 ) and the Boötes field of the IRAC Shallow Survey (Eisenhardt et al. 2004 ).
The XFLS main field covers an area of 3.8 deg 2 at high galactic latitude, observed to a sensitivity reaching a 5σ Vega magnitude of 18.9, 18.0, 15.7 and 15.1 at 3.6, 4.5, 5. The main difference between the two samples (apart for the Shallow Survey being almost twice the area of the XFLS), is in the depth of the optical and near-IR ancillary data. While SDSS provides 5σ detection limits of 22.3, 23.3, 23.1, 22.3 and 20.8 in u ′ , g ′ , r ′ , i ′ and z ′ (York et al. 2000) , NDWFS has 5σ point source depths of 27.1, 26.1 and 25.4 in B W , R and I respectively (Stern et al. 2007 ). 2MASS provides 5σ sensitivity in J, H and K s of 16.6, 15.9 and 15.1 respectively (Skrutskie et al. 2006) , while FLAMEX approaches a 5σ sensitivity of 21.4 and 19.5 in J and K s (Elston et al. 2006) . The added depth of the NDWFS and FLAMEX data provides a powerful tool to resolve ambiguities between red sources in the IRAC bands of galactic and extragalactic nature. By testing our method on both datasets we can measure the efficiency of the brown dwarf search on surveys with different depth and assess the auxiliary data requirements necessary to enable effective brown dwarf searches during the Spitzer warm mission. Figure 4 shows the distribution of point sources from the XFLS in a number of IRAC and 2MASS colors, compared with the distribution of 37 L, 7 early-T (T<4.5) and 22 late-T (T>4.5) templates from Patten et al. (2006) . We chose the colors in the diagrams to maximize the separation between brown dwarfs and other galactic (clump near zero colors) and extragalactic (long plume with red colors) sources. In particular (see Figure 1) : (1) The late-T dwarfs appear well separated from any other source, thanks especially to the [3.6] − [4.5] IRAC color, even though some contamination persists with red high-redshift quasars having PAH emission. The early-T and L dwarfs are however more difficult to discriminate because, once dispersion due to photometric errors is taken into account, their color space is very similar to the one occupied by low-redshift galaxies and regular stars. For this reason, and due to the relative small number of early-T dwarfs in the Patten et al. (2006) sample, our k-NN selection is done for two separate classes only: one comprising all L and early-T templates, and one with late-T (with T>4.5) dwarfs.
To explore the effect of the presence or absence of individual bands in the selection efficiency, we have divided our XFLS and Shallow Survey catalogs in 2 different subsamples: (1) sources having 3σ photometry in J, K s and all four IRAC bands; (2) sources having 3σ detection in J, K s , 3.6 and 4.5 µm. The first sample is intended to test the effectiveness of the k-NN method when all IR bands are available (the H band has not been considered because of its unavailability in FLAMEX, and because brown dwarf colors using the H band are very similar to the colors using J and K s ). The second sample is instead designed to simulate the case of the Spitzer Warm Mission, when only the two short wavelength IRAC channels will be available, and also to avoid the limitations imposed by the less sensitive 5.8 and 8.0 µm bands in currently available surveys. For each sample the search is done using a subset of the available colors, avoiding the repetition of similar colors, that would dilute the k-NN metric. The characteristic of the individual subsamples, their size and the color combinations used in the k-NN search are listed in Table 1 . Optical photometry and imaging are not used at this stage, because only a limited number of the brown dwarfs we are using as templates have reliable magnitudes at optical wavelengths. The optical data will however be crucial to refine the search results later on.
Parameter Optimization
The best values of k and D th for the search can be determined by using the bootstrap method described in section 2.2. The goal is to optimize the k-NN parameters in order to have the smallest possible number of candidates that will need follow-up observations while preserving the completeness of the search. The jackknife method is not suitable in this case because of the very small number of available templates in each brown dwarf class.
The completeness of the search in this case is C = 1 − n F N /n exp , where n exp is the number of brown dwarfs expected to exist in the dataset and n F N is the number of false negatives (i.e. true brown dwarfs not identified) in the search. The rejection efficiency can be written as E = 1 − n F P /n tot where n F P /n tot is the fraction of false positives, i.e. the number n F P of incorrectly identified brown dwarfs, with respect to the total number of sources n tot in the sample. Figure 5 shows the rejection efficiency and completeness for a Monte Carlo test using 100 randomized samples each with 500 background sources and 500 simulated brown dwarfs, for k = 3, 5 and 7. The simulations are made for the subsample using IRAC plus J and K s bands (for both L/early-T and late-T searches), and for Spitzer warm mission colors (as described in Table 1 ). The figure shows the resulting rejection efficiency and completeness for the XFLS; similar results are obtained for the Shallow Survey.
The rejection efficiency curve is a decreasing function of D th because when sources with larger k-NN distances are selected it is more likely to include false positives in the candidates. On the other hand, for smaller D th more true brown dwarfs are missed, leading to a smaller completeness. We have adopted the D th for which the two curves cross. The values of D th at the E and C crossing point for K = 3, 5 and 7 are listed in Table 2 for simulations of the XFLS and Shallow Survey search subsamples. Note that D th tends to be smaller for L/early-T than for late-T searches. This is because (as shown in Figure 5 ) the efficiency E of L/early-T searches drops faster with D th than in late-T searches, due to the IRAC colors of L/early-T dwarfs being relatively similar to the colors of regular late spectral type stars and low redshift galaxies (see Figure 4) : in L/early-T searches even a small increase in D th results in a large contamination of background sources and thus in a fast drop of the efficiency E. As a result, in L/early-T searches the crossing point E = C occurs for smaller values of D th than in late-T searches where, thanks to the unique colors of late-T dwarfs, the efficiency drops slowly as a function of D th . Table 2 shows that the search of late-T dwarfs using IRAC and near-IR colors combined reaches high level of completeness and rejection efficiency, up to 99.9%. Even if only the two short wavelength IRAC bands are used (as will be the case in the warm mission), E and C are still similarly high. Note however that the completeness and rejection efficiency of the warm mission search tend to be smaller when IRAC photometry is combined with the deeper FLAMEX dataset, rather then the shallower 2MASS, due to the higher number of red extragalactic sources crosscorrelated with the IRAC catalog. The L/early-T search is less efficient than the late-T search, with C and E ∼ 90%, due to the higher contamination of this sample with background sources with similar colors.
Rejection efficiency and completeness are generally higher for small k, because in that case the selection region follows more closely the distribution of the templates. Using small k, however, puts us at risk of depending critically on outliers in the template class. We adopted k = 5 for the searches done using all IRAC bands. For the search in "warm mission" condition, however, we adopted k = 3 to have the maximum possible efficiency, given the larger size of the initial catalog.
k-NN Search Result and Optical Validation
The results of the k-NN search for brown dwarfs are presented in Table 3 . The table shows, for each subsample of the XFLS and Shallow Survey, the number N kN N sel of selected sources. The actual rejection efficiency E ′ = 1 − N kN N sel /N tot (where N tot is the number of sources in each subsample) is also shown. Comparison with Table 2 shows that E ′ is very similar to the rejection efficiency E predicted by the bootstrap method Monte Carlo simulations. Table 3 shows that, when all IRAC bands are available, the k-NN method alone is efficient enough to reduce the number of possible candidates to a size small enough to allow visual inspection of the candidates. As only the k-NN method is used, the selected candidates are not biased by the choice of arbitrary cuts, depending only on a metric with known completeness, normalized on the statistical uncertainties of both data and templates. Optical data are however available, and can be used to further reduce the candidate sample, which is still necessary in the case of L/early-T dwarf searches, and when requiring only 3.6 and 4.5 µm photometry (resulting in a much larger catalog).
The low temperature of brown dwarfs requires their optical colors to be very red, in contrast with the case of extragalactic objects that tends to have a flatter optical SED. In particular, according to Leggett et al. (2000) , L dwarfs have i ′ − z ′ > 1.6 in the SDSS photometric system, while T dwarfs have i ′ − z ′ > 3.0. According to Dahn et al. (2002) L and early-T dwarfs have R − I > 2.0 while according to Stern et al. (2007) late-T dwarfs must have R − I > 2.5 in the NDWFS bands. These criteria can be applied to all selected sources, as long as their i ′ and z ′ magnitudes (for sources in the SDSS) or R and I magnitudes (for NDWFS sources) are known. Sources missing optical photometry can still be considered as brown dwarf candidates, given that their absence from the optical catalog may be an indication of very red colors. These colors cannot be introduced directly in the k-NN metric because good photometry in the optical bands is missing for a significant fraction of our templates. By using the optical bands in the form of "cuts" we are introducing a bias associated to the choice of the cut. However this is still more efficient that doing the selection using cuts alone, since the candidates have been pre-selected in an unbiased mode using all the other bands with the k-NN metric. This allows us to adopt a less stringent optical color criteria while still preserving very high efficiency in the selection. It also allows to retain the candidates selected with the k-NN method that are missing optical data (the potentially coolest late-T candidates), which would be eliminated by default if color cuts were the only selection criteria.
The application of the criteria described above reduces drastically the number of viable candi-dates. The remaining candidates can then be checked visually from the SDSS and NDWFS plates, to eliminate all sources that appear extended, that are blended with other sources, or that are corrupted by artifacts in the images. The remaining candidates are listed in Table 4 and 5. The number of viable candidates after the optical criteria are applied is listed in Table 3, Note that when all IRAC, J and K s photometry is known, cross-checking with optical data reduces the number of late-T dwarf candidates to zero for the XFLS, and to only one for the Shallow Survey. The lone T dwarf selected for the Shallow Survey is in fact the T4.5 dwarf IRAC J142950.8+333011 found by Stern et al. (2007) in their search. This result shows that the k-NN method, when used on near-IR and Spitzer data, in combination with deep optical photometry is capable to select true late-T dwarfs while rejecting all other sources of different nature. In fact, the method here described effectively rejected the second red source found by Stern et al. 2007 color cuts, the z = 6.12 radio-loud quasar IRAC J142738.5+331242. Of the plotted sources, 5 have colors at odd with the brown dwarf templates. These sources, most likely red background galaxies, have identical colors than T dwarfs in all bands, with the exception of the two plotted here. The fact that they have been selected by the k-NN method is an example of "variable dilution" in the metric, as described in section 2.2. To refine the selection we can apply a second time the k-NN method, using only this pair of variables, the K − [4.5] and [3.6] − [4.5] colors. The region corresponding to k = 3 and D th = 0.8 (providing completeness C 99.9% in these two variables) is plotted in Figure 6 , and confirms that these sources are outliers. We flagged them as such in Table 5 .
After these anomalies are taken into account, we are left with 1 viable L/early-T and no viable late-T candidates in the XFLS (Table 4) , and 3 viable L/early-T candidates and 1 late-T dwarf (the T4.5 dwarf J142950.5+333011) in the Shallow Survey (Table 5 ). The L/early-T viable candidates need follow-up observations (currently in progress) to determine unambiguously their nature.
Searching Low Mass Companions around Nearby Stars
As a second example illustrating the case of k-NN metric using not only colors but also absolute magnitudes, we show the case of the search of low mass companions around nearby stars. This search was conducted as part of the IRAC Guaranteed Time Observations (P.I. Giovanni Fazio) programs PID 33, 34, 35, 36, and 48 (Patten et al. 2005) . The survey focused on 400 stars within 30 pc from the Sun, among which all stars and brown dwarfs within 5 pc known to date. The sample included young stars with age ≤ 120 Myr, stars with known radial velocity discovered exoplanets, and the L and T dwarfs from Patten et al. (2006) used here as templates. Each star was imaged to a depth of of ∼ 150 sec in all IRAC bands, with a field of view of ∼ 5 arcmin, sufficient to detect companions at a distance of ∼ 50 to 4,000 AU from the primary, to a limiting mass of ∼ 10-20 M J . The search has yielded the discovery of two new T dwarfs from the whole sample, presented in Luhman et al. (2007) . All the observations were made in a single epoch, preventing the search of companions by virtue of their common proper motion with the primary (except for the few cases in which a deep near-IR image was available). The candidate selection was instead based on the k-NN method described below. While a paper analyzing the search results is in preparation (Carson et al., 2009) , we want here to discuss the efficiency of the k-NN method in this particular case of brown dwarf search. To simulate the photometry of background sources around the primary star, we have used the XFLS catalog, which is an adequate representation of a background field projected at high galactic latitude. For nearby stars projected closer to the plane of the Galaxy, the proportion of extragalactic/galactic sources will be smaller, reducing the contamination from red extragalactic sources, while contamination from red galactic sources is likely to be increased. The latter (mass losing evolved stars and young stellar objects) may however be discriminated by means of auxiliary infrared observations capable of detecting the thermal emission from their circumstellar dust. Figure 7 also shows k-NN regions plotted for k = 5 and D th = 1. By adding the [4.5] magnitude to the k-NN variables the selection is in principle improved because a large fraction of the red background extragalactic sources are fainter than the expected brightness of brown dwarf companions. This is especially true for T dwarfs around stars within 5-10 pc from the Sun. This advantage is reduced for searches around farther stars, since the brightness of T dwarf companions at d ≃ 20 pc is the same of the extragalactic background.
We have estimated the rejection efficiency and completeness of this search using the same bootstrap method described in section 2.2. Table 6 shows that for early-T dwarfs the selection efficiency reaches very high values (up to 99% for primaries at 5 pc). For late-T dwarfs the rejection efficiency is approximately the same that is obtained by using only colors as selection criteria, and the inclusion of absolute magnitudes does not result in a dramatic improvement in the search effectiveness (suggesting that the k-NN color selection is already close to maximum efficiency). The E and C obtained in the simulations, are adequate for this kind of search: the typical number of sources in the ∼ 400 stars part of the IRAC companion search program had an average of ∼ 100 background sources each. With this efficiency, for each field the chosen k-NN criteria selected up to 3 candidates, many of them actually present in at least one 2MASS map, and could be ruled out either by the absence of proper motion, or because they did not possess the correct near-IR colors. The few remaining candidates were followed-up spectroscopically and by acquiring deep near-IR images, resulting in the two new T dwarfs found around HN Peg and HD 3651, presented in Luhman et al. (2007) .
Discussion and Conclusions
Based on the photometry given by Patten et al. (2006) , the sensitivity of the XFLS and the Shallow survey in the IRAC bands allows for the detection of late-T dwarfs (T4 to T8 spectral type) up to a distance of ∼ 20 pc. This limit is determined mainly by the lower sensitivity of the 5.8 and 8.0 µm bands, for the latest spectral types. If only the 3.6 and 4.5 µm bands are used, as in the Spitzer warm mission, the higher sensitivity allows detection of late-T dwarfs up to a distance of ∼ 50 pc. The detection limit at the L-T boundary is ∼ 60 pc (∼ 140 pc if only the 3.6 and 4.5 µm bands are required). Within this volume (corrected for the Malmquist bias), we can expect a brown dwarf search to be as complete as C 98%, as estimated in section 3.2 (multiplied by the completeness of the original survey, and corrected for binarity).
Searches using 2MASS photometry, however, will have more stringent limits, of 5 pc for late-T dwarfs and ∼ 25 pc at the L-T boundary. The sensitivity of the FLAMEX survey is such that any L or T dwarf detected in the IRAC 3.6 and 4.5 µm bands will also be detected in the J band, even though the lower sensitivity of the K band limits the maximum detection distance for a T8 dwarf to ∼ 32 pc. The very small number of brown dwarf candidates that are not optically detected in at least the I band shows that the depth of the NDWFS is not a significant constraint in the search of brown dwarfs. The main limitation rather comes from the depth of the IRAC data.
These considerations come into play to understand the potential for brown dwarf searches in the recently approved Exploration Science surveys in the Spitzer warm mission. The requirements for brown dwarf detection are clearly a large survey area, deep observations and the availability of matching near-IR and possibly optical data. Of the approved warm mission programs, three satisfy these requirements: the "Spitzer Extragalactic Representative Volume Survey (SERVS)" (PI Mark Lacy, PID 60024), the "Spitzer Extended Deep Survey (SEDS)" (PI Giovanni Fazio, PID 60022) and the "GLIMPSE360: Completing the Spitzer Galactic Plane Survey" (PI Barbara Whitney, PID 60020).
Our analysis shows that when near-IR data of sufficient depth are available (as in the case of the FLAMEX survey), the search for late-T dwarfs using the photometric k-NN technique described in section 3 is extremely efficient and complete (more than 99.8% E and C). Once a single I − R or i ′ − z ′ optical color is applied, the final selection produces a very small number of viable candidates to be checked individually (4 L/early-T and 1 late-T viable candidates). It is worth noting that the only late-T dwarf candidate selected in our search is indeed a T4.5 dwarf, as discovered by Stern et al. (2007) . With C ≃ 98% completeness we can assert that this is the only late-T dwarf present in the volume of the survey (7.1 deg 2 for the FLAMEX field with a depth of ∼ 32 pc), even when only the two short wavelength IRAC bands are considered. This number is consistent with the results from the T dwarf UKIDSS DR2 Large Area Survey (Pinfield et al. 2008) , that estimates 17 ± 4 late-T dwarfs in an area of 280 deg 2 for a depth of K ≃ 18.2 (corresponding to a maximum distance of ∼ 18 pc for T8 dwarfs). By factorizing the search volume between the two surveys 1 one predicts ∼ 2-3 late-T dwarfs in the volume of the Shallow Survey analyzed in this paper. This is consistent with our result (1 viable candidate in the FLAMEX search), upon considering Poisson statistics. The number of L/early-T candidates that we found shows that, with C ∼ 85% completeness, ≤ 3 L/early-T dwarfs are present in the Shallow Survey searchable volume (8 deg 2 × 60 pc).
These numbers can be used to estimate the potential yield of brown dwarfs in the approved warm Spitzer Exploration Science surveys. The most promising Spitzer warm mission project for the application of the k-NN method here described is the SERVS survey. With a total area of 18 deg 2 , and a total exposure time of 600 sec per pointing, it will probe a brown dwarf volume almost 9 times larger than the IRAC Shallow Survey (search depth of ∼ 80 pc for late-T dwarfs 2 ). A large fraction of the survey will overlap with the VIDEO VISTA survey 3 , providing a depth of 25.7, 24.6, 24.5, 24 .0 and 23.5 mags in the z, Y , J, H and K bands, more than matching the depth of SERVS in the IRAC 3.6 and 4.5 µm bands. Based on these sensitivity, SERVS may find as many as ∼ 27 late-T dwarfs and a large number of L and early-T dwarfs.
The SEDS program, on the other hand, has a much smaller survey area (∼ 0.9 deg 2 ) but a much longer integration time (12 hours per pointing). This scales down to a searchable volume of ∼ 12 times the total volume of the Shallow Survey (search depth of ∼ 230 pc for late-T dwarfs). This survey can potentially provide as many as ∼ 36 late-T dwarfs, even though a decrease in the brown dwarf density should be expected as the survey probes farther distances from the galactic mid-plane. This survey, however, may be limited by the challenge of finding ancillary optical and near-IR data matching the depth of the IRAC photometry. While this may limit the effective late-T dwarf searchable volume, the potential search depth offered by the IRAC data, in a high galactic latitude region, will provide an important test for the vertical distribution of the brown dwarf population in the Galaxy.
The GLIMPSE360 survey, instead, compensates the rather shallow coverage (36 sec integration time for each pointing) with a very large survey area (187 deg 2 ). A substantial portion of this area is also covered by the UKIDSS survey (Lawrence et al. 2007) , implying that ∼ 11 of the 17 late-T dwarfs estimated for the whole UKIDSS may be present in the GLIMPSE360 area. According to the GLIMPSE360 consortium, more detailed simulations by Burgasser (2004) predict 70 T0, ∼ 100 T5 and ∼ 15-20 T8 dwarfs in the survey search area. The challenge will be to isolate these brown dwarfs from the high-confusion galactic field, and distinguish them from other red galactic sources. The k-NN method can play an important role for this task.
The main advantage of the k-NN method presented in this paper is that it allows to perform
3 , where Ω1,2 are the survey areas and d1,2 their search distance limit 2 Search depth d scales as the limiting flux F 1/2 , in turn scaling as the signal-to-noise ratio S/N ∼ t 1/2 , where t is the exposure time. This gives d ∼ t 1/4 and thus V2/V1 ∝ Ω2/Ω1 · (t2/t1) 3/4 3 http://www.vista.ac.uk/index.html photometric searches using a large number of color and magnitude variables, defining complex regions that closely follow the distribution of the sources to be selected. While similar regions can be defined manually, our method prevents the introduction of biases in the selection due to the choice of the cuts. With the k-NN method the selection regions in the color/magnitude space are only based on the photometric properties of the search class and the statistical uncertainties of the data. Also, the k-NN search can be controlled by just two parameters (the number of neighbors k and the threshold distance D th ), instead of many arbitrary cuts, which allows to quickly experiment different combination of variables, and optimize the search for maximum rejection efficiency and completeness.
The examples presented in this paper show that the k-NN method is an effective procedure for the search of field and companion brown dwarfs in Spitzer wide field surveys. This can be an important asset for the Spitzer warm mission surveys. As these surveys will image areas of the sky where deep photometric catalogs in the optical and near-IR are already available, or in progress, the k-NN method can effectively select T dwarf candidates, potentially leading to a significant increase in the known number of members in this class. This is by no means the only potential application for this method. The method is general enough to allow the photometric selection of sources of any kind, as long as a sample of templates is available. If enough classes of templates are used, the k-NN method can be the engine for the photometric classification of all sources in a survey, by attributing to each source the class with the highest k-NN score. We are currently applying this method of classification to the point source catalog of the SAGE survey (Meixner et al. 2006 ). Table 2 . k-NN efficiency and completeness optimization If the euclidean metric is adopted, the points in the x, y space with distance less than d x and d y in the two coordinates are included in the inner ellipse. If instead the euclidean metric is averaged in the two coordinates, any point within the larger ellipse will still have distance components less than d x and d y . The point P , having individual distances from the center C less than d x and d y will be excluded by the smaller ellipse but still included by the ellipse defined by the euclidean average metric. Figure 2 for D avg = 1. The two templates at the bottom are separated enough from the others to form a disconnected region. When the sparseness of the templates σ s (j) is taken into account, a single region emerges (dotted line). For k = 6 the region contour becomes smoother, as shown by the dashed line. Note that for k = 6 the region around the isolated sources becomes wider, since σ s (j) is calculated reaching templates from the other group. 
